[1] This study examines the potential of spatial modeling using geographic information systems (GIS) to improve the precipitation estimates based on Special Sensor Microwave/ Imager (SSM/I) over the Tibetan Plateau. The monthly SSM/I precipitation estimates are based on the algorithm developed at the National Environmental Satellite, Data and Information Service (NESDIS) of the National Oceanic and Atmospheric Administration (NOAA). When using SSM/I estimates to predict station precipitation directly, the R 2 values ranged from 0.005 to 0.624, with a mean of 0.334 for all months. When terrain and location variables obtained from the GIS were added to the models, the R 2 values improved to range from 0.217 to 0.739 with a mean of 0.590 for all months. These variables represent effects of orographic forcing of topography, rain barrier/rain shadow, direction of moisture-bearing winds, and distance to the sources of moisture over the Tibetan Plateau. Results from this study suggest that region-specific algorithms are necessary for the SSM/I precipitation estimates over the Tibetan Plateau and that topographic analysis based on GIS can contribute significantly in improving the performance of SSM/I estimates.
Introduction
[2] Precipitation has strong spatial and temporal variabilities, especially in places with complex terrains. In many cases, it is difficult to obtain accurate regional precipitation estimates because of a combination of low gauge density and spatial variability. Satellite estimates based on infrared (IR) and microwave sensors have been developed to estimate precipitation in combination with ground observations. Some of the more popular global data sets, including the Global Precipitation Climatology Project (GPCP), Climate Anomaly Monitoring System-Outgoing Longwave Radiation Precipitation Index (CAMS-OPI), and the Climate Prediction Center Merged Analysis Precipitation (CMAP) data sets, merge data from satellite and gauge sources [Xie and Arkin, 1997; Huffman et al., 1995; Janowiak and Xie, 1999; and all of them employ estimates obtained from the Special Sensor Microwave Imager (SSM/I). In regions that lack ground observations, such as the Tibetan Plateau, satellite-based precipitation estimates would dictate the resultant products. The purpose of this study is to explore the potential of using terrain and location characteristics obtained by geographic information systems (GIS) to improve SSM/I precipitation estimates over the Tibetan Plateau. It is the wide range of applications of the SSM/I data in popular global precipitation data sets that signifies the need and importance of this study to evaluate this data set in a very unique region, where the lack of ground observations forces the reliance upon the satellite-based precipitation estimates. Additionally, because of complex terrain combined with sparse distribution of weather stations, routine methods of interpolation of point data often do not render satisfactory results for estimation of regional precipitation amount. In this case, the gridded data based on satellite estimates become very appealing. Since most of the weather stations used in this study are not currently included in the station networks of the aforementioned global data sets (Figure 1) , the results from this study will provide new insight into the characteristics of spatial and temporal patterns of SSM/I precipitation estimate errors that have yet to be investigated over the entire Tibetan Plateau.
[3] SSM/I is a passive microwave remote sensing system on board of the Defense Meteorological Satellite Program (DMSP) satellites since 1987. Comparing with the IR-based estimates obtained from geostationary satellites, the SSM/I has the advantage of a stronger and more reliable physical connection with surface rainfall [Greene and Morrissey, 2000] . With a near-circular, Sun-synchronous, and nearpolar orbit, SSM/I provides almost a complete coverage of the Earth, although there are gaps between adjacent swaths for low-latitude regions [Wentz, 1988] . The SSM/I instrument has seven-channels and four-frequencies, measuring the atmospheric and surface microwave brightness temperatures at 19. 35, 22.235, 37.0, and 85.5 GHz. The ground resolution (footprint) ranges from 13 km to 69 km, depending on the channel and location along the 1394 km scanning swath. The spatial and temporal sampling limitations are alleviated by two operational satellites with the SSM/I instrument on board at any given time, especially when a longer time interval (such as monthly and seasonal) is used to integrate the data products [Ferraro et al., 1998 ]. The SSM/I data have been used extensively in studies of snow/ ice coverage, soil moisture, flood monitoring, and precipitation rates [Basist et al., 1998; Ferraro et al., 1996 Ferraro et al., , 1998 Tanaka et al., 2000] . The Tropical Rainfall Measuring Mission (TRMM) satellite deployed in 1997 has a similar sensor system as the SSM/I, the TRMM Microwave Imager (TMI), with the same channel/frequency setting and one added channel at 10.7 GHz to provide a more linear response for the high rainfall rates common in tropical regions and an improved ground resolution because of a lower altitude (350 km as compared to 860 km) [Grecu and Anagnostou, 2001] . Data products obtained from the TMI have been used for essentially the same applications as the SSM/I data. The SSM/I sensor will soon be replaced by an advanced sensor, the Special Sensor Microwave Imager Sounder (SSMIS) on the F-16 satellite (scheduled for launch in October 2003). However, the primary channels of the new sensor will be very similar to that of the SSM/I to provide climatic and hydrological data (http://www. ncdc.noaa.gov/oa/satellite/ssmi/ssmiprecip.html). Additionally, a similar but improved system, the Advanced Microwave Scanning Radiometer (AMSR) is on board Japan's Advanced Earth Observing Satellite -II (ADEOS-II, December 2002 launch) (http://sharaku.eorc.nasda.go.jp/ AMSR/ov_amsr/index.htm), and another one for NASA's Earth Observing System (AMSR-E) is on board the AQUA satellite launched in May 2002 (http://nsidc.org/data/docs/ daac/amsre_instrument.gd.html). It is expected that the aforementioned programs will continue to generate data similar to those obtained from the SSM/I system and to be used in future applications.
[4] In a recent study, Yao et al. [2001] suggested that the TMI sensor system can provide reasonably accurate esti- mates of precipitation for four locations over the Tibetan Plateau. The current study will provide a comparison between the satellite estimates and ground observations using more stations at a regional scale. Most of the station data used in this study (Figure 1 ) are not included in some of the wellknown global data sets, such as the Global Historical Climate Network [Vose et al., 1992] , Global Precipitation Climatology Project [Huffman et al., 1995 [Huffman et al., , 1997 , or the Climate Prediction Center's CMAP merged analysis [Xie and Arkin, 1997] . The SSM/I based estimates were used because of long record lengths and instrument stability [Ferraro et al., 1996] . One of the widely available SSM/I based data sets is produced and maintained by the National Oceanic and Atmospheric Administration (NOAA)'s National Environmental Satellite, Data and Information Service (NESDIS). Ferraro et al. [1998] gave a detailed description of the physical basis of the SSM/I sensor system and the NESDIS algorithm, based on a scattering index that takes advantage of SSM/I's capability to detect scattering from ice-particles and large raindrops in the atmosphere at higher frequencies [Grody, 1991] .
[5] The Tibetan Plateau is sparsely populated and with elevations generally over 3000 m above mean sea level. With an area approximately 2,300,000 km 2 , there are less than 100 operational weather stations and most of these stations are concentrated in the central and eastern portion of the plateau (Figure 1 ). The Tibetan Plateau has significant influences on the South and East Asian monsoon systems through its thermal and dynamic forcing mechanisms [Manabe and Terpstra, 1974; Murakami, 1987; Manabe and Broccoli, 1990; Kutzbach et al., 1993] . Therefore a good understanding of the water balance processes on the plateau, starting with the amount of precipitation, is of great significance to improve knowledge of the regional and global atmospheric and hydrological processes.
[6] Numerous studies have indicated that terrain characteristics are significant factors contributing to the spatial variability of precipitation. For example, orographic effects can be demonstrated by the relationship between precipitation and elevation; while rain barrier or rain shadow effect can be represented by the orientation of mountain ranges in terms of the directions of moisture-bearing winds. Most past efforts in considering the terrain's impact on precipitation regimes have focused on elevation and various methods such as geostatistics and empirical spatial modeling were used [Daly et al., 1994 [Daly et al., , 2002 Hevesi et al., 1992a Hevesi et al., , 1992b . Additionally, topographic variables, such as indices based on slope gradient, elevation, and aspect, have been used in regression models to estimate precipitation in areas of complex topography [Basist et al., 1994; Johnson and Hanson, 1995; Brown and Comrie, 2002] . In this study, various terrain characteristics are considered on the basis of their potential impacts on the intensity of orographic lifting and friction to moisture-bearing winds (e.g., elevation, slope gradient, and slope aspect).
Data and Methods

SSM/ /I-Based Precipitation Estimates
[7] The 1°Â 1°SSM/I monthly precipitation product from the NESDIS (ftp://orbit35i.nesdis.noaa.gov/pub/arad/ht/ rferraro/ncdc/) was used in this study. The data set is continuous from July 1987 to present, except for gaps in December 1987 and during July 1990 to December 1991. Our analysis focused on the area of 22°-42°N and 76°-108°E.
[8] The NESDIS algorithm uses the 85 GHz channel to detect the scattering of upwelling radiation by precipitationsized ice particles and large raindrops within the rain layer since the scattering is most prominent at high frequencies [Ferraro, 1997; Ferraro et al., 1998 ]. Rain rate is derived on the basis of the relationship between the amount of ice in the rain layer and the actual rainfall on the surface, using observed rainfall data from radar. Although there are other algorithms based on lower frequencies, Ebert and Manton [1998] concluded that the algorithms based on the 85 GHz frequency outperformed those based on other frequencies. However, errors may result from anomalous surface scattering features, such as deserts and snow [Ferraro and Marks, 1995] . The twice daily observations from each satellite with the resolution of 13 km Â 15 km (nadir) were aggregated and averaged for the monthly 1°Â 1°grid cells. One known problem about this data set is the presence of snow and ice being coded as ''zero'' and therefore indistinguishable from no rain (http://www.ncdc.noaa.gov/oa/satellite/ssmi/ ssmiproducts.html#Data). Because of the failure of the 85 GHz channels during the period of July 1990 to December 1991, there is a gap in the data set. Although another algorithm could be used to generate precipitation estimates based on a 37 GHz scattering index over land (http://orbitnet.nesdis.noaa.gov/arad2/html/microwave_1.0deg_pr1. html), this period was excluded from analysis to avoid inherent data inconsistencies.
Station-Observed Precipitation Data
[9] Monthly precipitation data are available for 99 stations (Figure 1 ) during the study period (1987 -1999) . The data were collected from the State Meteorological Bureau and provincial meteorological bureaus of Xizang (Tibetan) Autonomous Region, Qinghai, Sichuan, Yunnan, and Xinjiang Uygur Autonomous Region, and archived at the Institute of Geographic Science and Natural Resources Research, Chinese Academy of Sciences.
Digital Elevation Models and Terrain Parameters
[10] Terrain variables were extracted from the 30 arc second digital elevation models (DEMs) first developed by NIMA (National Imaging and Mapping Agency). The original data set of 30 arc second resolution was obtained from the U.S. Geological Survey (http://edcdaac.usgs.gov/ gtopo30/gtopo30.html) and resampled to the 1 km Â 1 km resolution.
[11] Elevation, slope gradient, aspect, and geographic location are the factors examined in this study (Table 1) . Using the function of ''Summarize Zones'' of ArcView GIS (ESRI, Redlands, California), mean, minimum and maximum elevations were extracted from the 50-km buffers surrounding the weather stations. Slope gradient of the ground surface was calculated in degrees for every 1 km Â 1 km grid cell. Then the mean and maximum slope gradients were extracted for the 50-km buffers, also using the function of ''Summarize Zones.'' Slope aspect was calculated as the azimuth from north (0°and 360°) for each grid cell. Instead of calculating a mean aspect for each buffer, slope aspect was reclassified into eight general directions of N (0°-22.5°and 337.5°-360°), NE (22.5°-67.5°), E (67.5°-112.5°), SE (112.5°-157.5°), S (157.5°-202.5°), SW (202.5°-247.5°), W (247.5°-292.5°), and NW (292.5°-337.5°). Then the proportion of the area in each aspect direction was calculated for the 50-km buffers using the ''Tabulate Area'' function of ArcView GIS. These aspect variables will reveal to which slope aspect the precipitation regime is most sensitive across the Tibetan Plateau, and in turn, such relationships will indicate the airflow patterns that are most important to influence the precipitation distribution. It is recognized that topographic effects on precipitation may be expressed at different scales. By using the terrain parameters obtained at the 1 km Â 1 km resolution and then summarized within the 50-km buffers, this study focused on those effects relevant to mesoscale and macroscale patterns that were discernable at the 1°Â 1°resolution of the gridded SSM/I precipitation data. It is also noted that many of the elevation and slope parameters were underestimated because of the resolution of the DEM data. Table 2 provides descriptive statistics of these terrain variables.
Methods
[12] Instead of interpolating station precipitation data by kriging as described by Laurent et al. [1998] in their validation study of IR-based estimates over the Sahel region, we used a downscaling approach. This is because the station distribution over the Tibetan Plateau is extremely uneven and sparse, and also because of the advantage of the regularly spaced SSM/I estimates in the 1°Â 1°data set, which may render better interpolation results. We first converted the 1°Â 1°gridded data into a point data set using the GIS. In other words, the precipitation value in each 1°Â 1°cell is considered as a point measurement at the center of the cell. Then for each month, the point precipitation data were interpolated into a surface of 0.05°Â 0.05°resolution using the kriging process ( Figure 2 ). The method of universal kriging with linear drift was used because the precipitation distribution across the Tibetan Plateau is not stationary spatially [Ye and Gao, 1979] . For areas with no precipitation as recorded by SSM/I in a given month, slightly negative values may result from the kriging process, which were converted to zero to match the original SSM/I estimates. The resultant precipitation field data were then used in the following comparison analysis.
[13] For each of the 99 weather stations with available data during the study period, a buffer zone of 50 km radius was developed using the GIS (Figure 3 ). Buffers of this dimension render a similar spatial resolution to that of the 1°Â 1°satellite precipitation product analyzed in this study. Then a mean satellite estimate for each month during the study period was calculated using the ''Summarize Zones'' function of the GIS. This is equivalent to calculating an areal weighted mean based on the interpolated precipitation surface within the buffers. Monthly and seasonal long-term means of the satellite estimates and observed station values were calculated for those months when both data sets have valid observations.
[14] Greene and Morrissey [2000] found significant seasonal and spatial variations in the relationship between satellite estimates and station observed precipitation. Therefore it is necessary to perform the analysis considering seasonality. For all months with available data, means were calculated for the months of January to December, as well as for the four seasons, the entire monsoon season (May through September), and the entire year. The terrain vari- proportion of slopes facing north within the 50-km buffers NE (proportion)
proportion of slopes facing northeast within the 50-km buffers E (proportion)
proportion of slopes facing east within the 50-km buffers SE (proportion)
proportion of slopes facing southeast within the 50-km buffers S (proportion)
proportion of slopes facing south within the 50-km buffers SW (proportion) proportion of slopes facing southwest within the 50-km buffers W (proportion)
proportion of slopes facing west within the 50-km buffers NW (proportion) proportion of slopes facing northwest within the 50-km buffers FLAT (proportion) proportion of flat terrain within the 50-km buffers LAT, degrees station or grid latitude LONG, degrees station or grid longitude ables, together with the SSM/I estimates, were used as the independent variables in stepwise regression against the station observed precipitation to develop empirical models. Finally, to represent the spatial variation in the errors of the SSM/I estimates, the station geographic coordinates in latitude and longitude were also included in regression analysis. On the basis of the resulting regression models, the statistical significance of the terrain and location variables can be identified and improved monthly precipitation estimates can be calculated using the SSM/I data. All statistical analyses were performed using SPSS TM (Statistical Package for the Social Sciences), a statistical analysis software package (SPSS Inc., Chicago).
Results and Discussion
Terrain Analyses
[15] Mean elevation within the 50-km buffers surrounding the weather stations ranged from 1037 m to 5040 m, with the majority above 3000 m (Figure 3a) . Comparing with the elevation of each station, the mean elevation within the 50-km buffers clearly showed the effects of smoothing due to the 1 km spatial resolution of the DEM data and averaging within the buffers (Figure 4) . The mean slope gradient within the 50-km buffers ranged from 0.4 to 13.7 degrees (Figure 3b ), while maximum slope varied between 1.9 and 45.9 degrees. Figure 5 shows the spatial distribution pattern of the slope aspects. The proportion of slopes that were flat was not presented because it tended to be very small, ranging from 0 to 0.052 expect for one station at 0.234.
Bias of the SSM/ /I Estimates
[16] Figure 6 shows the mean bias of the SSM/I estimates, as the ratio of the SSM/I estimates to station observed precipitation for all-month averages. The biases were calculated with all years with available data being pooled together for a specific month or season. For most stations in the study area, the biases were below unity (or underestimating). Locations with prominent overestimation by the SSM/I were mostly found in the northern part of the Tibetan Plateau. While most previous intercomparison and validation studies suggested overestimation by SSM/I based rainfall rates, the NESDIS algorithm has shown significant regional variation in biases and in some cases significantly underestimation in higher-latitude regions [Ebert et al., 1996; Ebert and Manton, 1998; Adler et al., 2001; Kummerow et al., 2001; McCollum et al., 2000 McCollum et al., , 2002 . These studies also indicated strong spatial and temporal variations that call for further investigation under different regional conditions.
[17] There are several possible reasons for the prominent negative biases found over the Tibetan Plateau. A global zonal comparison by Ferraro et al. [1996] between SSM/I and the gauge analysis by Legates and Willmott [1990] suggested that SSM/I underestimates precipitation in midlatitude to high-latitude regions due to exclusions of those events when snow and ice were present on the ground, but overestimates precipitation in tropical regions. The NESDIS algorithm is based on detecting the scattering in the raining layer of the atmosphere. However, the atmospheric thickness above the Tibetan Plateau is an aspect not represented in the earlier validation studies performed at or near the sea level. Lower air density and relatively cold and barren plateau surface due to high altitude may cause reduced differences in the scattering signals between the plateau surface and plateau atmosphere. Therefore algorithms developed using data for low-altitude areas may produce erroneous estimates. Ebert and Manton [1998] stated that although SSM/I is good at delineating spatial patterns of rainfall events, rainfall regime is clearly a factor that influences the accuracy of the estimates. Ferraro and Marks [1995] pointed out that the minimum detectable rain rate by the NESDIS algorithm is 0.5 mm/hr, which may lead to missing some light rain events that are common over the Tibetan Plateau. Greene et al. [1997] also suggested that the biases of the SSM/I estimates may be dependent on the characteristics of rainfall events.
[18] Results of bivariate regression between satellite estimates and surface observed precipitation are presented in Figure 7 . Both intercepts on the Y axis and the regression coefficients (slopes) showed significant seasonal patterns.
For the entire study period (1987 -1999) , the number of operating satellites varied, which added another dimension of variation in the SSM/I estimates. For periods with only one satellite available, a scene can only be visited at most twice daily. Morrissey and Wang [1994] pointed out that such sampling limitations may cause underestimation over tropical oceans with significant diurnal cycles of cloudiness and rainfall. Similar arguments can also be made for the Tibetan Plateau where diurnal rainfall pattern is well known during the monsoon season [Kuwagata et al., 2001; Liu et al., 2002] . In terms of the strength of the relationships between the SSM/I estimates and station observed values, the R 2 values for the bivariate regression models are more or (Table 3) were likely due to the treatment of snow/ice surfaces by the NESDIS algorithm. We examined the SSM/I-based monthly snow cover data from the NESDIS (ftp://orbit35i.nesdis.noaa.gov/pub/arad/ht/ rferraro/ncdc/). This data set contains monthly mean snow cover fractions (0 -1.0) for the 1°Â 1°grids. During the winter months (DJF), the majority of the Tibetan Plateau was covered by snow, as compared to all other months when only a small portion had high fractions of snow cover (Figure 8 ).
[19] Finally, some of the validation studies used radar rainfall data that usually offered better regional estimates than conventional gauge data. In fact, the NESDIS algorithm was tuned with radar data of the rain rates. In general, point precipitation measures typically underestimate regional rainfall total [U.S. Weather Bureau, 1957] . Anagnostou et al. [1999] pointed out that the area-point difference contributed up to 60% of the variance in radar-gauge comparisons. As the 1°Â 1°gridded SSM/I estimates were downscaled through interpolation and averaged within the 50-km buffers, cells with high precipitation may be combined with the effects of cells with lower precipitation or no precipitation. This procedure might have further increased the disparity between the YIN ET AL.: SSM/I PRECIPITATION OVER THE TIBETAN PLATEAU station precipitation and SSM/I estimates within the 50-km buffers. Considering the fact that the station precipitation data used in this study were not corrected for the effects of wind and snow, the amount of underestimation was more significant than it appeared. During the colder months, the corrected precipitation may be 1.5 -2.0 times the measured precipitation values over the Tibetan Plateau [Ueno and Ohata, 1996] . Results of the bias analysis point clearly to the need of regionalized algorithms that are based on local and regional characteristics to obtain accurate precipitation estimates.
Spatial Modeling Based on Multiple Regression
[20] Stepwise regression was used to select independent variables that make significant contributions in explaining the variations in station precipitation. Because of collinearity among the independent variables, certain terrain variables did not enter the final models because their effects have been represented by other related variables. Results of regression analysis indicate that the original SSM/I estimates had low explanation power of spatial structure of precipitation over the Tibetan Plateau, especially for months with extensive snow cover and that terrain and location variables had significant impact on the accuracy of satellite estimates. When using satellite estimates to predict ground observations without the terrain and location variables examined in this study, the R 2 values ranged from 0.005 (December) to 0.624 (March), with a mean of 0.334 for all months (Table 3) . When the terrain and location variables were added to the regression process, the R 2 values improved to range from 0.217 (December) to 0.739 (March) with a mean of 0.590 (Table 4) . The seasonal and annual models were in general better than the monthly models, with a mean R 2 of 0.470 before the terrain and location variables were added and 0.675 after their inclusion.
[21] There are a total of 18 models: 12 monthly, 4 seasonal, 1 for monsoon months (May through September), and 1 annual (as all month averages). Of the independent variables other than the SSM/I estimates, the location variables entered most models. Both LAT and LONG entered 13 models each, although they did not necessarily always enter the same model together. The terrain variable that entered models most frequently was the proportion of slopes of southeast aspect (13 models), followed by maximum elevation within the 50-km buffers (7 models), minimum elevation (6 models), mean slope (5 models), elevation standard deviation (4 models), and west aspect (3 models). The proportions of slopes facing SW, NW, and N entered 2 models each. Flat slope (0 aspect) and minimum slope did not enter any model, while maximum slope, mean slope, and the remaining aspect variables (NE, E, and S) entered 1 model each. All variables that remained in the models were statistically significant at the 0.05 level.
[22] As to the temporal variation of the effect of terrain and location variables, the model for March had the highest R 2 , followed by the model for September. The models for December and February had low R 2 values. In fact, for December the original SSM/I estimated precipitation did not correlate with the observed precipitation with statistical significance (0.05). For August, the SSM/I estimated precipitation was also not included in the model although it was correlated with the ground observed precipitation at the significance level of 0.05. For October and November, the SSM/I estimates were included in the models, but they did not enter the models first. As for the seasonal models, the winter model had the lowest R 2 value, again as a result of the presence of snow and ice over most of the Tibetan Plateau.
[23] To simplify the model structures, independent variables that entered the model one or two times total were considered as marginal and eliminated from the procedure to derive the final models. Therefore only eight terrain and location variables remained (LAT, LONG, MAX_H, MIN_H, STD_H, MEAN_SLP, SE, and W). Table 5 presents the final regression models based on stepwise regression as well as manual selection of the independent variable. For example, LAT and MAX_H were excluded in advance to ensure that the SSM/I estimate would enter the model for August. An attempt was made to use the same approach for December, but unsuccessful because the SSM/I estimated precipitation is not correlated statistically with the ground observed precipitation. Nevertheless, the SSM/I estimated precipitation was ''forced'' into the model to reflect interannual variability, even though it was not statistically significant. It was noted that for the models of summer and the monsoon season (May through September), the SSM/I estimates were eliminated at the final stage. So for these seasons, the model versions prior to the elimination of the SSM/I estimates were considered to be the best. The significance level of 0.1 was used in variable selection process to improve the predicting power, but almost all variables in the models were significant at the 0.05 level.
[24] The signs of regression coefficients indicate the type of contribution of the independent variables to explaining the variance in the station precipitation. Of the three terrain/ location variables that entered models most frequently (LAT, LONG, and SE), the coefficients for LAT were consistently negative, indicating decreasing station precipitation for the same amount of SSM/I estimates moving northward (Table 5 ). The coefficients for LONG were consistently positive, indicating increasing station precipitation for the same amount of SSM/I estimates moving eastward. These two variables were indicative of the impact Previous studies suggested that there are two major paths of moisture transport, one coming from the Indian Ocean/Bay of Bengal to the southeastern part of the plateau and one from the Arabian Sea to the western part of the plateau [Ding, 1991; Yang et al., 1989; Tang et al., 1994] . The northwestward decreasing trend suggests the significance of the moisture sources from the southeast, while the original SSM/I data underestimated this trend. Similarly, the coefficients for SE were also consistently positive, indicating that areas with predominantly southeast facing slopes tended to receive more rainfall, and that the airflow coming from the southeast has great significance in producing precipitation year around.
[25] During some fall and winter months (January, February, and October) and winter season, the west-facing slopes had a positive effect. As the belts of predominant atmospheric flows shift southward during fall and winter, the westerly flows play an important role to produce precipitation, especially for the western part of the Tibetan Plateau. The only other variable with some consistency was MIN_H (negative, except for summer). Low minimum elevations in the 50-km buffers often coincide with areas in the southeastern margin of the Plateau, a region with relatively high precipitation. On the other hand, the presence of MAX_H was most prominent for the seasonal values (negative coefficients). Since the data set used in this study is limited to those stations in China, it mostly reflects the rain barrier/rain shadow effect of the mountain ranges in the region. Therefore buffers with higher maximum elevation often coincided with areas with mountain ranges on the plateau and lower precipitation values for the same SSM/I estimates. All other terrain/location variables may have either positive or negative coefficients.
A Case Study: 1999
[26] To demonstrate how the models obtained from this study can be used to improve SSM/I precipitation estimates over the Tibetan Plateau, we applied the models to the data for January, April, July, and October of 1999. First, for each 1°Â 1°grid cell, a 50-km buffer was developed at the center and used to calculate terrain characteristics within the buffer using the 1 km Â 1 km DEM. Then the original SSM/I precipitation estimates were used in combination with the terrain and location variables to calculate the modeled precipitation estimates. Finally the point precipitation data were interpolated using kriging. Figure 9 shows the interpolated modeled precipitation estimates for July 1999. For most part, the modeled precipitation kept the overall spatial structure of the original SSM/I estimates (Figure 2) , with some local variation patterns being smoothed out. However, it is also quite obvious that significant differences existed between the two. The modeled precipitation was generally higher than the original SSM/I estimates across the Tibetan Plateau, especially in areas of the central part of the plateau. The SE-NW gradient became more prominent than the original SSM/I estimates because the July model included both location variables (LAT and LONG).
[27] We compared the modeled precipitation estimates to the station precipitation by extracting precipitation field data for the 50-km buffers of the weather stations. Figure 10 is the scatterplot of the July original SSM/I estimates and modeled estimates against the station precipitation. Regression analysis revealed that the modeled precipitation had a R 2 value of 0.65 as compared to 0.49 of the original SSM/I estimates, and an almost 1:1 relationship to the station precipitation. Table 6 contains the results of comparison for 1999 January, April, July, and October. The improvements to the original SSM/I estimates can be seen for all these months, although for January the model performance was still very poor. Root-mean-squared error (RMSE) offers another measure of model performance. Again, improvements can be seen for all the months examined (Table 6) .
[28] The above assessment, however, does not include the areas without any station observations. Because of the absence of observed data in those areas, we used a different data set as the reference for comparison. Parameter-elevation Regressions on Independent Slopes Model (PRISM) is an expert system to produce gridded precipitation data on the basis of point data and DEMs [Daly et al., 1994 [Daly et al., , 2002 . It has been used successfully to generate precipitation climatology maps for various regions in the United States (http://www.ocs.orst.edu/prism/prism_new.html). A spatial data set of the long-term precipitation norm (1961 -1990) was developed using the PRISM system at a 4-km resolution [Daly et al., 2000] , on the basis of observations at over 2500 stations across China. The monthly PRISM data were summarized by the 50-km buffers at the 1°Â 1°grids and then compared with the long-term means (1987 -1999) of the original SSM/I and the modeled precipitation estimates (calculated using the long-term SSM/I means) for the months of January, April, July, and October. Figure 11 shows that the PRISM precipitation for July had a similar spatial pattern to the modeled estimates of July 1999, but with greater details because of a higher spatial resolution. Regression analysis, based on 327 grid points within the approximate range of the Tibetan Plateau, revealed that for these months examined, the modeled precipitation estimates had higher R 2 values when regressed against the PRISM data than the original SSM/I estimates (Table 7) , and with lower RMSE values except for January. Both original SSM/ I and modeled precipitation estimates were significantly lower than the PRISM July precipitation at a few grid points, which resulted in lower than expected R 2 values. Had the largest 4 outliers been excluded, the R 2 values would have increased to 0.5696 and 0.6545 for the original SSM/I and modeled precipitation estimates and the RMSE lowered to 61.57 and 46.83, respectively.
Conclusion
[29] In this study, we examined the effect of including terrain and location variables in empirical models to improve the SSM/I estimates of precipitation over the Tibetan Plateau. We used buffers of 50-km radii surrounding 99 weather stations over the plateau to extract terrain Figure 10 . Station precipitation in July 1999 plotted against the original SSM/I and modeled precipitation estimates, summarized by the 50-km buffers surrounding the weather stations. characteristics and downscale the original 1°Â 1°SSM/I precipitation estimates based on the NESDIS algorithm. In contrast to most earlier validation studies, we found that the SSM/I estimates tended to underestimate monthly and seasonal station precipitation values. There may be several causes, with the presence of snow/ice and a cold and barren plateau surface being the main culprit. For most months and all seasons, the strength of relationship between the SSM/I estimates and station observations was comparable to those found in most previous studies.
[ 30] In multiple regression analysis, we found that the SSM/I estimates can be significantly improved by incorporating the terrain and location variables. The mean R 2 value increased from 0.334 to 0.590 for monthly models and from 0.470 to 0.675 for seasonal models after the terrain and location variables were added to the regression models. The most important variables were geographic location (latitude and longitude) and the proportion of southeastfacing slopes within the 50-km buffers. The location variables indicated a northwestward decreasing trend of station precipitation for the same SSM/I estimates. This seems to point to the significance of the distance to moisture sources of the Tibetan Plateau. On the other hand, areas with predominantly southeast-facing slopes tended to have higher station precipitation for the same SSM/I estimates, suggesting the year around significance of the southeasterly flows bringing moisture to the plateau. Additionally, the proportion of westfacing slopes had a positive effect for some fall and winter months and the entire winter season. Elevation variables (minimum and maximum elevations in the 50-km buffers) tended to have negative effects. On the basis of these models, region-specific algorithms can be constructed to improve the SSM/I-based precipitation estimates. However, it should be cautioned that these are empirical relationships that may not apply to regions outside the study area.
[31] Results from this study revealed the potential of using terrain and location characteristics in region-specific algorithms to improve the performance of satellite precipitation estimates based on passive microwave sensors. This conclusion can also be expanded to other types of satellitebased estimates. With increased spatial and temporal coverage, passive microwave sensors on board of a new constellation of satellites should render precipitation estimates at shorter time intervals (e.g., 3-hour intervals) and provide the basis for short-range forecast [Hou et al., 2001] . However, such applications will still need to depend on improved algorithms incorporating the effect of local and regional factors. While it is true that further studies are needed to investigate the physical basis of the effect of terrain characteristics at different spatial scales and also to incorporate the effects of synoptic atmospheric conditions, the models derived from this study offer the potential with operational values to improve precipitation estimates over the Tibetan Plateau. Figure 5 . Slope aspect summarized for the 50-km buffer zones. Each pie graph represents the proportions of slope aspects divided into the eight main directions. The underlying elevation map has the same elevation classes as in Figure 1 and is only used here as the background.
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